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„Reality is that which, when you stop believing in it, doesn‘t go away.“
Philip K. Dick†
„Unser Wissen ist ein Tropfen. Was wir nicht wissen, ist ein Ozean.“
Sir Isaac Newton††
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Unipolare depressive Störungen sind schwerwiegende Erkrankungen mit weitrei-
chenden Folgen für das Wohlbefinden und die Lebensqualität (Wittchen et al., 2010). 
Depressive Erkrankungen haben eine hohe Prävalenz (Busch et al., 2013, Jacobi 
et al., 2014, Maske et al., 2016, Busch et al., 2016) und sind eine Hauptursache für 
Beeinträchtigungen eines normalen, beschwerdefreien Lebens (Vos et al., 2015) 
sowie die weltweite Krankheitslast (Institute for Health Metrics and Evaluati-
on, 2017, GBD 2016 DALYs and HALE Collaborators, 2017, Wittchen et al., 2011). 
Depressive Erkrankungen bergen zudem ein hohes Risiko für rezidivierende oder 
chronische Verläufe (ten Have et al., 2018). 
 Die Diagnose erfolgt anamnestisch anhand definierter Symptome, deren Anzahl, 
Häufigkeit und Ausprägung Rückschlüsse auf Vorhandensein und Schwere einer 
depressiven Erkrankung ermöglichen (Internationale Klassifikation psychischer 
Störungen ICD-10, Dilling et al., 2010). Standardisierte diagnostische Befragungen 
(z.B.: SKID, Wittchen et al., 1997) sowie Fragebögen zur Selbst- und Fremdbeurtei-
lung (z.B.: BDI-II, Beck et al., 1996) unterstützen bei der Diagnosestellung. Für die 
Behandlung depressiver Erkrankungen stehen wissenschaftlich untersuchte und 
evaluierte Verfahren und Methoden zur Verfügung – Psychotherapie, Psychophar-
maka oder Kombinationsbehandlungen. In Deutschland richtet sich Diagnose und 
Therapie nach den von den Fachgesellschaften herausgegebenen S3-Leitlinien zur 
Versorgung depressiv erkrankter Menschen (DGPPN, 2009). 
 Adäquate therapeutische Hilfe erreicht jedoch nur einen Teil aller Erkrankten 
(Boenisch et al., 2012, Kessler et al., 2009). Die Gesundheitsversorgung depressiv 
Erkrankter ist mit einer wachsenden Belastung für die verfügbaren Ressourcen und 
bestehenden Versorgungssysteme konfrontiert, wodurch Patienten strukturellen 
Barrieren begegnen, die in Teilen zu einer Unterversorgung depressiv Erkrankter 
führen (Andrade et al., 2014, Melchior et al., 2014). Die Mehrzahl der depressiven 
Patienten wird in Deutschland primär von Allgemeinärzten diagnostiziert und be-
handelt, doch in den kurzen Kontaktzeiten allgemeinärztlicher Praxen können 
Schwierigkeiten bei der Diagnose vor allem milder Formen von Depression zu Nicht- 
Einführung 
oder Fehlbehandlungen führen (Trautmann et al., 2017). Darüber hinaus müssen 
Patienten im Durchschnitt 5 Monate auf einen ambulanten Therapieplatz bei einem 
Spezialisten warten (BPtK, 2018). 
 Die digitale Revolution elektronischer Geräte wie Smartphones und Biotracker 
ermöglicht neue Wege sich diesen Herausforderungen für die Versorgung psychisch 
Kranker zu stellen (Anderson, 2016, Torous et al., 2015). Smartphones ermöglichen 
mithilfe von Programmen (Englisch: Apps) die Eingabe von Daten oder das Zusam-
menführen verschiedener Datenströme in Echtzeit und im Lebensalltag Betroffener. 
Durch mobilen Zugang zum Internet können solche Datensätze schnell transportie-
ren, zentral gespeichert und verarbeitet werden. Die Rechenleistung heutiger Com-
puter ermöglicht es, mithilfe von iterativen Methoden wie Machine Learning und 
künstlicher Intelligenz in solchen Datenströmen Muster zu erkennen, daraus hilf-
reiche Informationen zu gewinnen und diese dann für das Krankheitsmanagement 
zu nutzen. Die Erwartungen an intelligente digitale Lösungen für das Selbstmanage-
ment bei psychischen Erkrankungen sind hoch (Topooco et al., 2017). Doch trotz ei-
ner großen und schnell wachsenden Anzahl von Apps, die mithilfe von Smartphones 
oder anderen tragbaren Geräten psychisch Erkrankte beim Selbst-Monitoring und 
Krankheitsmanagement unterstützen sollen (Englisch: mobile health, mHealth), 
bleibt deren Wirksamkeit und Nutzungsdauer oft fraglich (Donker et al., 2013, 
Dogan et al., 2017). Die Akzeptanz von mHealth Angeboten durch die Nutzer selbst 
stellt dabei eine kritische Hürde dar. Um im Alltag Patienten bei der Krankheitsbe-
wältigung hilfreich zu unterstützen, ist es wichtig, dass solche Systeme über lange 
Zeiträume kontinuierlich genutzt werden und dementsprechend aussagekräftige 
Datenströme aufgezeichnet werden können.
Präferenzen und Wünsche 
Potentielle Nutzer zu motivieren, solche Apps langfristig in ihren Alltag und das ei-
gene Krankheitsmanagement zu integrieren stellt eine Herausforderung dar. Zum 
einen spielt die Gestaltung der Apps eine wichtige Rolle. Intuitive Menüführung und 
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spielerische Elemente sollen Nutzer motivieren und Designprinzipien wie Individu-
alisierung und Echtzeit-Feedback zu Daten und Interventionen scheinen hilfreich, 
um Akzeptanz und Attraktivität digitaler Helfer zu verbessern (Ramanathan et al., 
2013). Trotz dessen ist die Implementierung dieser Prinzipien noch immer unge-
nügend und werden im Entwicklungsprozess zu wenig berücksichtigt (Sama et al., 
2014). Zum anderen haben potentielle Nutzer mobiler Systeme zum Selbst-Monito-
ring und zum Krankheitsmanagement bei Depression möglicherweise ganz eigene 
Ansprüche an Funktionalität und Praktikabilität solcher Systeme und Apps. Solche 
Präferenzen spielen unter Umständen eine ebenso wichtige Rolle für die Akzeptanz 
und Compliance von Apps zur Unterstützung beim Krankheitsmanagement. Befra-
gungen bieten Einblick in Vorlieben und Nutzungsverhalten und können entschei-
dende Hinweise auf mögliche Barrieren und Hindernisse liefern, die in Designpro-
zesse einfließen können. Solche Erhebungen sind rar und oft nicht fokussiert und 
differenziert genug, um möglichen Unterschieden zwischen speziellen Nutzergrup-
pen Rechnung zu tragen. So könnten unterschiedliche Erkrankungen verschiedene 
Herangehensweisen an Aufbau, Gestaltung und Datenerhebung stellen. Die vorlie-
gende Arbeit bietet Einblick in Nutzungsverhalten, Präferenzen und Einstellungen 
von Betroffenen zu mobilen Angeboten für das Selbst-Monitoring und das Selbstma-
nagement bei Depression. 
 Publikationsmanuskript 1
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 survey on attitudes towards mobile self-monitoring and self-management 
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Potentielle Nutzer haben eigene Vorstellungen davon, welche Daten für ihr Krank-
heitsmanagement relevant sind und inwieweit sie bereit sind, diese Daten zu tei-
len. Darüber hinaus machen sich Nutzer Gedanken über die Sicherheit ihrer Daten. 
Um einerseits die Akzeptanz zu erhöhen sowie andererseits die Dauer der Nutzung 
solcher Apps zu verbessern und dadurch das Potential digitaler Helfer auszuschöp-
fen, sollten bereits bei der Entwicklung solcher Systeme Präferenzen und Wünsche 
von Patienten berücksichtigt werden als auch Mitbestimmung und Datensicherheit 
beachtet werden. Unterschiede zwischen Gesunden und depressiv Erkrankten 
zeigen sich vor allem dort, wo potentielle Risiken durch negative Denkverzerrungen 
überbewertet werden könnten.
Integration objektiver Daten
Mobile Systeme aus Smartphones, Apps zur Dateneingabe und tragbaren Sensor-
geräten zum Selbst-Monitoring und zum Selbstmanagement bei Depression kön-
nen einen wertvollen Beitrag zur Verbesserung der Versorgung Erkrankter leisten 
(Torous et al., 2015, Ben-Zeev et al., 2015). Subjektive Daten, wie Stimmung, Be-
wertung von Schlaf, Tagesaktivitäten oder soziales Verhalten können durch direkte 
Eingabe der Nutzer erfasst werden. Allerdings bergen subjektive Daten ein gewisses 
Risiko für Fehlinterpretationen und Ungenauigkeiten. Depressiv Erkrankte missin-
terpretierten zum Beispiel die Veränderungen im Verhalten, Denken und Fühlen oft 
zunächst als vorübergehende Erschöpfung oder momentane Verstimmung und neh-
men die eigene Symptome als depressive Erkrankung unter Umständen erst ver-
zögert wahr (Epstein et al., 2010, Klineberg et al., 2011). Die Integration objektiver 
Daten und Kenngrößen kann hier entscheidende Vorteile bringen. 
 Mobile Systeme aus Smartphones und tragbarer Sensorgeräte können solche 
objektiven Parametern ökologisch valide über lange Zeiträume erfassen und ver-
arbeiten. Daraus extrahierte Kenngrößen können zum Beispiel dabei helfen, de-
pressive Episoden frühzeitig zu erkennen und durch geeignete Intervention ei-
nen progredienten oder rezidivierenden Verlauf zu mildern oder zu verhindern 
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(Andersen, 2016). Mit Hilfe in Smartphones integrierter Kreiselinstrumenten und 
Daten aus dem Global Positioning System (GPS) können Bewegung, Beschleunigung 
und Lage im Raum ermittelt werden. Diese Daten lassen sich zu Bewegungsprofi-
len und zur Berechnung von physischer Aktivität nutzen. Ein Mangel an physischer 
Bewegung kann dabei als möglicher Risikofaktor für depressive Erkrankungen zu-
rückgemeldet werden (Schuch et al., 2018). Bewegungsdaten können aber auch für 
die Analyse des Schlafverhaltens herangezogen werden. Auch hier stehen Verände-
rungen im Schlafverhalten im Zusammenhang mit depressiven Erkrankungen und 
können für das Selbst-Monitoring oder Selbstmanagement hilfreich sein (Fang et al., 
2019, Bao et al., 2017). Die Elektrodermale Aktivität lässt sich über GSR Sensoren 
(Galvanic Skin Response) erfassen und Veränderungen der Hautleitfähigkeit können 
Hinweise auf depressive Symptome liefern und Patienten zurückgemeldet werden 
(Vahey et al., 2015, Ding et al., 2019). Plethysmographen können kontinuierlich die 
Herzfrequenz messen (Task Force der Europäischen Gesellschaft für Kardiologie, 
1996, Lu et al., 2009) aus welcher Parameter zur Herzfrequenzvariabilität (Heart 
Rate Variability, HRV) extrahiert werden können.
Heart Rate Variability
Herzfrequenzvariabilität bezeichnet die Fluktuationen in den zeitlichen Abständen 
aufeinanderfolgender Herzschläge. HRV-Veränderungen treten als Folge zweier von-
einander abhängiger Regulationssysteme auf, die auf unterschiedlichen Zeitskalen 
arbeiten und die Herzfrequenz beeinflussen (Shaffer et al., 2017). Die Aktivität des 
Parasympathischen Nervensystems (PNS) senkt die Herzfrequenz durch die Freiset-
zung von Acetylcholin aus dem Vagusnerv. Die Aktivität des Sympathikus (SNS) be-
schleunigt die Herzfrequenz über noradrenerge Nerven. Dynamische Änderungen 
der Aktivität von PNS und SNS rufen Änderungen in der HRV hervor. Eine ausge-
prägte HRV wird mit einer größeren Flexibilität des autonomen Nervensystems ge-
genüber physischen, sozialen und psychologischen Herausforderungen der Umwelt 
in Verbindung gebracht (siehe z.B.: Williams et al., 2015, Appelhans und Luecken, 
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2006, Sakaki et al., 2016). Eine verminderte HRV wird mit einer Vielzahl von psy-
chologischen Belastungsfaktoren und physiologischen Beeinträchtigungen assozi-
iert (Kemp et al., 2013). 
 Die Herzfrequenz wird typischerweise durch Elektrokardiogramm (EKG) oder, 
mit gleichwertiger Genauigkeit, durch Photoplethysmographie (Lu et al., 2009) be-
stimmt. Um Messung und Interpretation von HRV Parametern zu standardisieren 
und konfundierenden Variablen wie zum Beispiel Geschlecht, Alter und körperliche 
Gesundheit für die Interpretation der HRV im Allgemeinen Rechnung zu tragen, wur-
de eine Task Force gegründet, die entsprechende Empfehlungen erstellt hat (Task 
Force der Europäischen Gesellschaft für Kardiologie, 1996, Shaffer et al., 2017). Zur 
Beschreibung der HRV wurden verschiedene Verfahren etabliert: Time-Domain 
Verfahren, Frequency-Domain Verfahren und Nichtlineare Verfahren. Time-Domain 
Verfahren werden typsicherweise bei Langzeit-EKG (> 20h) angewendet und kön-
nen die Aktivierung von SNS oder PNS widerspiegeln. Frequency-Domain Verfahren 
können für Kurzzeit-EKG-Messungen (<5 - 15 Minuten) angewendet werden und 
ebenso SNS-Aktivierung, PNS-Aktivierung oder eine kombinierte Aktivität beider 
Systeme widerspiegeln. Nichtlineare Verfahren wie Poincare-Diagramme spiegeln 
die autokorrelative Natur aufeinanderfolgender Herzschläge wider. Auch hierbei 
lassen sich kurzfristige oder langfristige Flexibilität des ANS darstellen. Tabelle 1 
zeigt eine Auswahl an Parametern für die drei Verfahren zur Bewertung der HRV 
(für Details siehe Shaffer et al., 2017, Task Force der Europäischen Gesellschaft für 
Kardiologie, 1996, Bauer et al., 2017).  Die Auswahl repräsentiert Parameter deren 
Objektivität, Reliabilität und Validität zu in vielen Studien wiederholt gezeigt hat 
(Stapelberg et al., 2018).
 Obwohl Veränderungen in der HRV schon lange im Fokus der Forschung stehen 
sind mögliche Zusammenhänge zwischen extrahierten Parametern und zugrun-
deliegenden physiologischen Prozessen noch immer umstritten. Parameter, die 
ursprünglich nur SNS-Aktivität quantifizieren sollten (z.B. LF power, Pagani et al., 
1986), wurden wiederholt kritisiert, da sie von einer Reihe von Faktoren beein-
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flusst werden, einschließlich sowohl des sympathischen als auch des parasympa-
thischen Systems (Quintana et al., 2016; Reyes Del Paso et al., 2013; Shaffer et al., 
2013, Billman 2013, von Rosenberg et al., 2017). Es gibt jedoch Belege dafür, dass 
die extrahierten Parameter für High Frequency Power (HF-Leistung) und das Root 
Mean Square of Standard Deviation (RMSSD) Veränderungen der Herzfrequenz auf-
grund einer Vagus-Regulation des Herzens widerspiegeln (d.h. PNS-Aktivität, Task 
Force der Europäischen Gesellschaft of Cardiology, 1996). Während des Einatmens 
sinkt der Blutdruck in den herznahen Gefäßen. Anschließend hemmen Regulations-
systeme den Vagusnerv, wodurch sich die Herzfrequenz beschleunigt. Während des 
HRV Parameter generiert aus Time-domain Verfahren, Frequency-domain Verfahren 
und nichtlinearen Verfahren.
Parameter Einheit Erläuterung Anteil des Autonomen 
   Nervensystems
 
Time Domain
SDNN ms Standardabweichung der RR-Abstände SNS
RMSSD ms Wurzel der quadrierten Mittelwerte PNS
  aufeinander folgender RR-Abstände
pNN50 % Relativer Anteil der RR-Abstände die  SNS, PNS
  sich um mehr als 50 ms unterscheiden 
  an der Gesamtanzahl von RR-Abständen 
Frequency Domain
LF peak Hz low-frequency band, Frequenzspitze (0.04–0.15 Hz) SNS
LF power ms², %, n.u. low-frequency band, relative Leistung (0.04–0.15 Hz) SNS
HF peak Hz high-frequency band, Frequenzspitze (0.15–0.4 Hz) PNS
HF power ms², %, n.u.  high-frequency band, relative Leistung (0.15–0.4 Hz) PNS
LF/HF Ratio % Verhältnis von LF power zu HF power SNS, PNS
Nichtlinear
SD1 ms Poincaré plot, Standardabweichung Kurzzeitflexibilität
  entlang der Nebenachse des ANS
SD2 ms Poincaré plot, Standardabweichung Langzeitflexibilität
  entlang der Hauptachse des ANS
(ANS = Autonomes Nervensystem, SNS = Sympathikus, PNS = Parasympathikus, Hz = Hertz, 
ms = Millisekunden, ms² = Quadrat  Millisekunden, n.u. = normalized units, RR-Abstand =  Intervall zwischen zwei 
aufeinander folgenden R Wellen , für weitere Informationen: Task Force of the European Society of Cardiology, 
1996)
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Ausatmens steigt der Blutdruck wieder und die Regulationssysteme lösen die Hem-
mung des Vagusnervs auf, wodurch sich in der Folge die Herzfrequenz verlangsamt 
(Shaffer et al., 2014).
HRV und Depression
Wiederholte Befunde von Herz-Kreislauf-Erkrankungen bei Patienten mit depres-
siven Erkrankungen (Kemp et al., 2015, Hare et al., 2014, Carney & Freedland, 
2008, Carney et al., 1987, Stapelberg et al., 2012) lenkten die Aufmerksamkeit 
verschiedener Forschungsgruppen auf die autonome Regulation der Herzfre-
quenz als möglichen pathophysiologischen Mechanismus bei Depressionen 
(Carney & Freedland, 2017, Basset, 2016a, Sgofio et al., 2015, Kemp, 2010, 
Thayer et al. 2010, Davydov et al., 2007, Carney et al., 1995, Carney et al., 2002, 
Jandackova et al., 2016). So wurde eine veränderte Regulation des autonomen 
Nervensystems (ANS), messbar anhand der Herzfrequenzvariabilität (Heart Rate 
Variability, HRV), wiederholt bei Depressionen (Kemp, 2010) auch über die ge-
samte Lebensspanne hinweg beobachtet (Brown et al., 2018, Koenig et al., 2016 
Paniccia et al., 2017). Viele Forschungsarbeiten liefern Belege für eine verrin-
gerte HRV bei Depressionen (Bassett et al., 2016b, Alvares et al., 2016, Jangpani 
et al., 2016, Kemp et al., 2010, Nahshoni et al., 2004). Darüber hinaus wurden 
Veränderungen in der HRV immer wieder mit der Behandlung durch Antidepres-
siva in Verbindung gebracht, die Ergebnisse bleiben jedoch inkonsistent (Hage 
et al., 2017, Kemp et al., 2012, Rottenberg et al., 2002, Park et al., 2018a). Zahlreiche 
Forschungsergebnisse berichten von einer verringerten HRV anhand erniedrigter 
SDNN-, RMSSD- und HF-Werte sowie erhöhter LF-Werte bei Patienten mit Depres-
sion im Vergleich zu gesunden Kontrollen (Kemp et al., 2010, Jangpangi et al., 2016, 
Jandackova et al., 2016, Park et al. 2018b, Brunoni et al. 2013). Einige Befunde 
finden ein verringertes LF / HF-Verhältnis bei Depressionen (Kemp et al., 2010), 
jüngste Forschungsergebnisse lassen jedoch Zweifel aufkommen, welche physi-
ologischen Prozesse tatsächlich durch das LF / HF-Verhältnis abgebildet werden 
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(von Rosenberg et al., 2017). Auch wenn bisher noch nicht eindeutig belegt werden 
konnte, ob Veränderungen in der HRV bei depressiven Erkrankungen Ursache oder 
Folge der Erkrankung selbst darstellen, lassen sich diese Veränderungen messen, 
auswerten und miteinander in Verbindung setzen. Zahlreiche vielversprechende Ver-
suche wurden unternommen, um HRV Maße für die Vorhersage von depressiven Er-
krankungen oder zur Verlaufskontrolle während antidepressiver Behandlung nutzbar 
zu machen (Kim et al, 2017, Kobayashi et al., 2017, Beauchaine & Thayer, 2015). 
 Vor allem könnten HRV-Parameter als Biomarker für den Krankheitszustand bei 
depressiven Erkrankungen in mobilen Systemen aus Smartphones und tragbaren 
Sensorgeräten zum Selbst-Monitoring und zum Selbstmanagement eingesetzt wer-
den und so einen wertvollen Beitrag zur Verbesserung der Versorgung Erkrankter 
leisten (Strawbridge et al., 2017). Hierfür ist jedoch ein besseres Verständnis der Zu-
sammenhänge zwischen HRV und Depression auch im Zeitverlauf notwendig. Longi-
tudinale Studien liefern hier einen entscheidenden Beitrag, um Veränderungen der 
HRV im Zeitverlauf aufzudecken. Die vorliegende Arbeit versucht, in einem Studi-
endesign mit zwei Messzeitpunkten die Beziehung zwischen HRV und Symptom-
schwere depressiver Erkrankungen zu untersuchen. 
 Publikationsmanuskript 2
 Hartmann, R, Schmidt, FM, Sander, C & Hegerl, U (2019). Heart Rate Variability 
 as Indicator of Clinical State in Depression. Frontiers in Psychiatry. 9:735.
 Frontiers in Psychiatry Impact Factor: 2.857‡‡
Die Auswertung von HRV Parameter, welche die parasympathische Modulation der 
Herzfrequenz abbilden, kann helfen, zwischen Gesunden und depressiv Erkrankten 
zu unterscheiden und Hinweise auf Veränderungen im Krankheitszustand und der 
Symptomschwere im Verlauf depressiver Erkrankungen liefern. 
Zusammenfassung
Die digitale Revolution eröffnet Chancen, völlig neue Wege in der Versorgung 
depressiv Erkrankter zu beschreiten. Mobile Technologien wie Apps für Smart-
phones und tragbare Sensorgeräte bieten die Möglichkeit, große Mengen an subjek-
tiven und objektiven Daten aufzuzeichnen und auszuwerten. Die Nutzbarmachung 
solcher Patienten-generierter Daten für das Krankheitsmanagement bei psychischen 
Erkrankungen wie Depression kann helfen, Patienten beim Selbst-Monitoring und 
Krankheitsmanagement zu unterstützen, Symptome frühzeitig zu erkennen und 
schnellen Zugang zu Interventionen zu ermöglichen. Um das Potential digitaler 
Helfer auszuschöpfen ist jedoch eine kontinuierliche Nutzung solcher Systeme 
wichtig. Die Berücksichtigung von Präferenzen und Wünschen von Patienten kann 
hierbei helfen indem Akzeptanz und Nutzungsdauer von mHealth erhöht werden. 
Darüber hinaus kann die Integration objektiver Daten die Aussagekraft solcher 
Systeme verbessern. HRV Parameter sind einfach zu erheben und eignen sich, um 
Krankheitszustand und Symptomschwere bei Depression im Zeitverlauf zu beo-
bachten. Weitere Forschung ist jedoch notwendig, um Effektivität und Wirksamkeit 
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Background: Depression is a severe psychiatric disease with high prevalence and an elevated risk for recurrence and chronicity.
A substantial proportion of individuals with a diagnosis of unipolar depressive disorder do not receive treatment as advised by
national guidelines. Consequently, self-monitoring and self-management become increasingly important. New mobile technologies
create unique opportunities to obtain and utilize patient-generated data. As common adherence rates to mobile technologies are
scarce, a profound knowledge of user behavior and attitudes and preferences is important throughout any developmental process
of mobile technologies and apps.
Objective: The aim of this survey was to provide descriptive data upon usage and anticipated usage of self-monitoring and
self-management of depression and preferences of potential users in terms of documented parameters and data-sharing options.
Methods: A Web-based survey comprising 55 questions was conducted to obtain data on the usage of mobile devices, app
usage, and participant’s attitudes and preferences toward mobile health apps for the self-monitoring and self-management of
depression.
Results: A total of 825 participants provided information. Moreover, two-thirds of the sample self-reported to be affected by
depressive symptoms, but only 12.1% (81/668) of those affected by depression have ever used any mobile self-monitoring or
self-management app. Analysis showed that people want personally relevant information and feedback but also focus on handling
sensitive data.
Conclusions: New mobile technologies and smartphone apps, especially in combination with mobile sensor systems, offer
unique opportunities to overcome challenges in the treatment of depression by utilizing the potential of patient-generated data.
Focus on patient-relevant information, security and safe handling of sensitive personal data, as well as options to share data with
self-selected third parties should be considered mandatory throughout any development process.
(JMIR Ment Health 2019;6(4):e11671)   doi:10.2196/11671
KEYWORDS
mHealth; depression; adherence; mobile applications, self-management
Introduction
Depression is a severe disease with large effects on well-being
and quality of life [1]. Major depressive disorder (MDD) is
highly prevalent [2-5] and is a prime cause for years lived with
disability [6] and a major source of the global burden of disease
[1,7]. Furthermore, MDD is associated with a high risk of
recurrence and chronicity [8]. Although diagnostics and
evidence-based treatments (eg, pharmacotherapy,
psychotherapy) for depressive disorders [9-12] are available, a
substantial proportion of individuals with a diagnosis of unipolar
depressive disorder do not receive treatment as advised by
national guidelines [13]. Consequently, self-monitoring and
JMIR Ment Health 2019 | vol. 6 | iss. 4 | e11671 | p.1https://mental.jmir.org/2019/4/e11671/
(page number not for citation purposes)
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self-management become ever more important. The
opportunities that have arisen from the digital and mobile
revolution of recent years [14] bear the potential to meet these
challenges. Mobile devices such as smartphones or wearable
biosensors can assess and record multimodal data such as
physiological data, self-ratings, user behavior, or environmental
data. Such patient-generated data become increasingly available
and have promising potential to be utilized for self-monitoring,
self-management, and medical care. However, this field of
research is young and it displays much dynamic [15].
Throughout any process of development or implementation of
mobile systems or apps for self-monitoring and
self-management, a profound knowledge of readiness for use
and user behavior is necessary [16] as common adherence to
mobile health (mHealth) systems or apps is often weak [17].
So far, only a few studies have explored preferences and usage
of mHealth apps in general [18,19] or for specific fields of
interest [20] but not for depression. The aim of this survey was
to provide descriptive data to answer the following questions:
to what extent are mobile apps for the self-monitoring and
self-management of depression (for the purpose of readability,
the following abbreviation is used henceforth: MSSD) currently
used, what is the anticipated future use, and what do potential




We conducted a Web-based comprising 55 questions survey
using Unipark, an Web-based survey tool to program and
evaluate surveys for academic research provided by Questback
GmbH. The survey was available from January 2017 to March
2017. It was accessible via any internet browser on stationary
and mobile devices. It was hosted on the servers of Unipark.
The internal procedures of Unipark for tests of consistency were
used. The link to the survey was prominently posted on the
website of the German Depression Foundation (GDF), the
“Depressionsforum,” a discussion forum about
depression-related topics, which is run by the GDF. GDF is a
nonprofit organization in Germany to promote information,
knowledge and acceptance of depression, and treatment options
within Germany. It was also attached to newsletters of the GDF
during the period the survey was available.
Sample
A total of 1174 participants commenced the survey. Of them,
159 participants were excluded because they did not complete
the survey, and in addition, 17 participants were excluded
because of missing age data. The remaining sample consisted
of 998 participants with a mean age of 38.29 (SD 12.358, range
18-84) years. Gender was not distributed evenly, with 67.2%
(671/998) of the sample being female. Of them, 668 participants
indicated by self-rating to have been diagnosed with unipolar
depressive disorder at least once in their life. This subsample
of affected individuals was included in subsequent analyses.
Procedure
The survey was adaptive in a way that depending on individual
responses, participants were provided specific sections of the
questionnaire. The main filter question was a self-rating question
enquiring about whether or not individuals suffer from
depressive symptoms at the moment or if they did ever before
(for German questionnaire, see Multimedia Appendix 1). To
address our research questions, we provided different blocks of
questions. The first block of question assessed the mere usage
and duration of usage of MSSDs by self-rating. Individuals who
responded with no to the first block were provided separate
questions to assess their self-rated anticipated future usage of
MSSDs. The second block of questions assessed the mere usage
and duration of usage of wearables (eg, fitness tracker or any
product of similar functionality to monitor physiological
parameters such as skin conductance, heart rate, temperature,
or position) by self-rating. Individuals who responded with no
were provided separate questions to assess their self-rated
anticipated future usage of wearables. The penultimate block
of questions assessed what parameters participants would prefer
to be documented by MSSDs regardless of the method of data
collection (eg, self-rating, sensor-based automatic recording).
We provided categories of distinct parameters from which
individuals could pick their respective favorites by multiple
choice. The last block of questions assessed with whom
participants might want to share data for specific purposes. We
provided distinct groups of social agents from which individuals
could pick their respective favorites by multiple choice.
Statistical Analyses
SPSS (SPSS 24, IBM, Chicago, IL, USA) was used to perform
statistical analyses. Descriptive analyses and Chi-square tests
were performed to address our research questions.
Results
Demographics of the Sample of Affected Individuals
Demographics of the analyzed sample of affected individuals
can be found in Table 1. Within the affected sample, the
proportion of women was at 76.9% (514/668). There were
significant gender differences for the self-estimated duration of
smartphone usage per day 23=13.1; P=.005). More women
estimated their smartphone usage duration per day to be more
than 2 hours compared with men. We found no age differences
and collapsed age for subsequent analyses. We found no
significant group differences for demographics between
nondepressive individuals and depressive individuals. We found
no significant group differences for demographics between users
of MSSDs or wearables and individuals who did not use MSSDs
or wearables.
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Table 2. Self-reported duration of usage of mobile apps for the self-monitoring and self-management of depression in the subsample of affected
individuals (n=111; 1=less than 1 month, 2=more than 1 month).
Relative amount of entries, n (%a)“For how long do you use the app?”
24 (21.6)Installed but discarded
29 (26.1)Installed for a short (1) period, used irregularly
16 (14.4)Installed for a short (1) period, used regularly
8 (7.2)Installed for a long (2) period, used irregularly
28 (25.2)Installed for a long (2) period, used regularly
6 (5.4)Provided categories not applicable
aPercentages do not sum up to 100% due to rounding errors.
Usage and Anticipated Future Usage of Mobile Apps
for the Self-Monitoring and Self-Management of
Depression
Within the affected sample, a proportion of 81 individuals
(12.1%, 81/668) reported to have installed and used an MSSD
at least once in their life. Moreover, 24 individuals installed an
MSSD but did not use it (3.6%, 24/668). The majority of the
subsample of affected individuals (78.0%, 521/668) stated to
have never used any respective app. For the duration of usage,
see Table 2. From those who did not use any app at the moment,
a total of 391 (75.1%, 391/521) individuals could imagine using
any such app in the future (Table 3).
Usage and Anticipated Future Usage of Wearables
From the affected sample, a proportion of 94 individuals (14.1%,
94/668) indicated to use wearables, 553 (82.8%, 553/668)
reported no prior usage, and 21 individuals refused to answer.
For period of usage of wearables throughout a day, see Table
4; for the duration of usage of wearables, see Table 5. From the
subsample of nonusers of wearables, 71.2% (394/553) could
imagine doing so in the future at least sometimes. However,
when people were asked at what time during the day they would
usually wear such wearables, responses are heterogeneous (see
Table 6).
Only a small proportion of individuals from the whole sample
indicated to have used a wearable and an MSSD simultaneously
(3.6%, 24/668). The majority of individuals who indicated to
have used a wearable before had never used an MSSD before
(74%, 70/94).
Preferences for Documentable Parameters
Categories of documentable parameters and results are presented
in Table 7. Low preferences were found for 2 categories: 502
(75.1%, 502/668) individuals reported to not prefer any tracking
of location and movement by Global Positioning System (GPS)
and 439 (65.7%, 439/668) individuals reported to not prefer any
tracking of social interaction or communication.
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Table 3. Self-reported anticipated future use by nonusers of mobile apps for the self-monitoring and self-management of depression (MSSDs) in the
subsample of affected individuals (n=521).
Relative amount of entries, n (%)“Can you imagine using a MSSD in the future?”
391 (75.1)I can imagine using such an app
120 (23.0)I do not know
10 (1.9)No, I would not use such an app
Table 4. Self-reported period of usage of wearables throughout 1 day for those that own wearables in the subsample of affected individuals (n=94).
Relative amount of entries, n (%a)“When do you use a fitness tracker?”
11 (11.7)Only for sports
29 (30.9)Only at daytimes
1 (1.1)Only at night
53 (56.4)All the time
aPercentages do not sum up to 100% due to rounding errors.
Table 5. Self-reported duration of usage of wearables for those that own wearables in the subsample of affected individuals (n=94).
Relative amount of entries, n (%)“For how long did you use a fitness tracker?”
12 (12.8)A few days
21 (22.3)A few weeks
61 (64.9)A few months
Table 6. Self-reported anticipated future use by nonusers of wearables in the subsample of affected individuals (n=553).
Relative amount of entries, n (%a)“When would you use a fitness tracker?”
71 (12.8)Only for sports
153 (27.7)Only at daytime
7 (1.3)Only at night
163 (29.5)All the time
159 (28.8)Never
aPercentages do not sum up to 100% due to rounding errors.
Table 7. Self-reported preferred category options of documentable parameters in the subsample of affected individuals (N=668).







439 (65.7)229 (34.3)Social interaction
502 (75.1)166 (24.9)Location (GPSa)
aGPS: Global Positioning System.
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Table 8. Self-reported preferences for data-sharing options in the subsample of affected individuals (N=668).




374 (56.0)294 (44.0)General practitioner
542 (81.1)126 (18.9)Family
544 (81.4)124 (18.6)Other users of the app
583 (87.3)85 (12.7)Friends
638 (95.5)30 (4.5)Health insurance companies
Preference for Data-Sharing Options
The frequencies of the different categories of data sharing
options are presented in Table 8. Low preferences were found
for sharing data with health insurance companies (4.5%, 30/668)
and sharing data with friends (12.7%, 85/668). We found
significant gender differences for category “General




For a successful utilization of the multitude of patient-generated
data through mobile devices, patients often need to generate
monotonous and repetitive data over a long period. To
ameliorate their motivation and engagement to do so, it is
inevitable to respond to their readiness, user behavior, and
preferences.
Usage and Anticipated Future Usage of Mobile Apps
for the Self-Monitoring and Self-Management of
Depression
Usage of MSSDs was scarce within our sample. Although 30%
of individuals used an MSSD for at least 1 month or longer on
a regular basis, the majority of the sample used it for shorter
periods and irregularly. Despite perceived and anticipated
benefits of smartphone apps for the self-monitoring and
self-management of depression and/or wearable fitness trackers
to support and shape attempts of self-monitoring and
self-management, the mere usage of such instruments is still
poor. Even if such digital helpers have been used once, duration
of usage is mostly limited, and only a small proportion uses
them constantly and regularly. This might have different reasons.
First of all, the market of mHealth apps is diverse, and finding
suitable options can be confusing. Yet, information about
evidence-based effects is scarce. Interested users might find it
difficult to decide upon which program might fit their own
specific needs. An inappropriate choice might disengage further
motivation to search for and use MSSDs. Recently proposed
guidelines for the evaluation and informed decision-making
might help overcome those limitations [21]. Second, mHealth
apps often require a constant stream of data and information
input to work properly and provide support. Repetitive and
monotonous data input for a long period might result in
motivational losses as individuals’ prior drive declines after
they started a program. Developers might thrive for an
appetizing user interface and data acquisition mechanisms to
maintain individuals’ drive until it is integrated into their daily
routine.
Usage and Anticipated Future Usage of Wearables
Within our sample, usage of wearables was scarce. Only a small
proportion of those who use wearables applied them to their
daily routine throughout 24 hours a day. This might be because
of different reasons. Wearables have advantages as well as
disadvantages with respect to different aspects such as reliability
or energy management [22]. Potential users also have individual
preferences in terms of design, color, haptics, and weight. Most
individuals did not use wearables and MSSDs together.
Wearables might be perceived as gadgets for personal activity
or sports but not as part of systems to support self-monitoring
and self-management of depression. However, individual
responses to anticipated future use are heterogeneous.
Preferences for Documentable Parameters
This survey assessed information about individual preferences
and expectations people would want from digital assistants for
self-monitoring and self-management of depression. The
possibilities to document daily mood, personal goals, sports,
sleep, and stress level receive broad agreement. The
documentation of medication was only important to half the
sample. This is maybe more a question of practicality than a
question of desire. Less than a third of our sample agreed to the
documentation of social interaction. Individuals do not favorably
evaluate gathering data about their communication behavior
with others, which includes communication channels, number
of communication partners, time and amount of communication,
as well as content and quality of social interaction. One possible
explanation might be that individuals do not expect meaningful
outcomes from such data. Moreover, these findings might partly
reflect the individual strive to booster their self-esteem and their
denial of contrasting or interfering information to that [23,24].
They might not want to be confronted with difficulties and
failures of their social interactions and communication behavior.
They also might want to avoid actualizing unpleasant
interactions and experiences. Detailed information about one’s
own communication behavior and alterations and suggested
modification based on such information interfere with one’s
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own perception of the self as a competent agent. This might be
of particular interest for the research of self-enhancement and
self-improvement states and traits [25]. More interestingly, we
found that individuals have specific issues when it comes to
tracking of location data via GPS, accelerometers, and
gyroscopes. Within our sample, the majority of the people do
not want to be tracked in detail where they are or where they
were. However, this finding has to be considered carefully. It
does not mean that individuals do not want tracking in general.
However, individuals want to keep control of such sensitive
data and just do not want to share it with everybody or more
precisely with third-party agents from whom negative
consequences could arise from, such as German public health
insurance, for instance. People are worried about being tracked
at places that indicate risk behavior or self-damaging behavior,
which could result in financial consequences (eg, higher
insurance rates or loss of treatment reimbursement).
Furthermore, people do not want to share tracking data with
commercial agents because they do not want to be spammed
with advertising, unwanted offers, or customized products.
People are interested in tracking and analyzing tracked location
data for their own and privileged purpose to find correlations
with their idiosyncratic disease. We interpret the findings as an
individual desire for privacy and control of personal data. Hence,
sensitive data should be stored securely in devices the individual
has control of, and they can voluntarily decide with whom to
share this information.
Preference for Data-Sharing Options
There is agreement on sharing data with professionals such as
physicians, psychotherapists, and scientists. As gathering data
requires detailed, precise, and reliable analysis and
interpretation, there is a strong need for expertise and
well-trained personnel to provide such service. In the field of
psychiatric disorders and psychological conditions, this expertise
is usually delivered by mental health professionals, respectively,
psychiatrists and/or psychotherapists. There seems to be no
difference if the professional is a psychiatrist, a psychotherapist,
or a general practitioner. Individuals know that professionals
need information to decide upon medication and
psychotherapeutic treatments and therefore accept the disclosure
of sensitive data. Moreover, men quoted medical professionals
(general practitioner, psychiatrist) more often than women as a
sharing option. However, against the odds, people also do not
want their family and close friends to know about where they
are. This might be partly reasoned by the fact that social
interactions even with close friends are characterized by at least
a minimum of specific undisclosed aspects of their life [26,27].
Individuals might be afraid to reveal disclosures, such as places,
habits, or activities, to avoid effects on self-esteem or maintain
control [28,29].
Conclusions and Limitations
Nonetheless, our survey embodies some important limitations.
First, we do not have a representative sample because of the
biased distribution via the networks of the GDF solely through
internet-based pathways. Furthermore, the limitations that come
with Web-based surveys might corrupt our results. To be
specific, this means that we took much effort to prevent double
entries, fake entries, or robot entries. However, there is no
chance of keeping results totally clear of such influences.
Another aspect that confounds our results is that we used
precategorized questions to address our questions. This
simplifies answers and reduces variance. We used an adaptive
structure for the survey to comfort the user. This might limit
comparisons between groups. Gender distribution within the
sample was skewed, and more women answered the
questionnaire. From the literature, we expected to find women
to be overrepresented in the affected individuals’ sample [2,4].
The gender balance within the respective subsample of affected
individuals was at an expected ratio of 1:3. Finally, we did not
assess information about future usage and continuation of usage
and what reasons lead to discontinuation.
This survey provides information about usage and preferences
toward eHealth app for the self-monitoring and self-management
of depression. New mobile technologies and smartphone apps,
especially in combination with mobile sensor systems, offer
unique opportunities to overcome challenges in the treatment
of depression by utilizing the potential of patient-generated data.
Throughout any development process of such mobile
smartphone apps or systems, a focus on patient-relevant data,
security and safe handling of sensitive personal data, as well as
degrees of freedom to share data with self-selected third parties
should be considered mandatory. This can melt down barriers,
make digital helpers much more attractive, and consequently
sustain and ameliorate adherence.
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Heart Rate Variability as Indicator of
Clinical State in Depression
Ralf Hartmann *, Frank M. Schmidt, Christian Sander and Ulrich Hegerl
Department of Psychiatry and Psychotherapy, University Ho spital Leipzig, Leipzig, Germany
Background: ected
individuals and public health care systems. Autonomic nerv ous system (ANS) dysfunction
indexed by measures of heart rate variability (HRV) has repe atedly been associated with
depression. However, HRV parameters are subject to a wide ra nge of multi-factorial
l unclear. HRV parameters
have been proposed to be promising candidates for diagnosti c or predictive bio-markers
for depression but necessary longitudinal design studies i nvestigating the relationship
between HRV and depression are scarce.
Methods: The sample in this study consisted of 62 depressive individu als without
antidepressant medication prior to assessment and 65 healt hy controls. Fifteen minute
blocks of resting ECGs were recorded 1–2 days before onset of antidepressant treatment
and 2 weeks thereafter. The ECGs were pre-processed to extra ct inter-beat-intervals.
Linear and non-linear methods were used to extract HRV param eters. ANOVAS
pressive patients and
healthy controls. Associations between the change in sever ity of depression and HRV
parameters were assessed in a repeated measurements design .
Results: oups of
depressive patients and healthy controls at baseline. Furt
in HRV parameters within subjects after 2 weeks of antidepre ssant treatment. Change
in HRV parameter values correlated with changes in symptom s everity of depression.
Discussion: The current results provide further insight into the relationship between HRV
parameters and depression. This may help to underpin utiliz ation of HRV parameters are
bio-maker for disease state in depression. Results are disc ussed within a theoretical
framework to link arousal and ANS regulation in depression.
Keywords: heart rate variability, depression, biomarker, d iagnostics, antidepressants, response parameter, trait
marker, state marker
INTRODUCTION
Depression is a severe disease with high prevalence (1–3) and an elevated risk for recurrence and
chronicity (4
with disability (5 ar disease among
patients with Major Depressive Disorder [MDD, (6–11)] have drawn attention to autonomous
mechanism in depression (12–19).
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been observed in depression across the life span (15, 20–22).
Heart rate is typically assessed by electrocardiogram (ECG) and
23–
27). A compelling body of research indicates a reduced HRV
indexed by lower values of SDNN, RMSSD and HF power and
increased values of LF power for patients with depression in
comparison to healthy controls (15, 28–32). LF/HF Ratio has
repeatedly been found to be decreased in depression (15) but
/HF
ratio (33–35). Some HRV parameters have been used to separate
patients with MDD and healthy controls (31, 36). Moreover,
reduced HRV has been associated with severity of depression and
parameters derived from HRV have been applied to delineate
the severity of depression or even changes in symptom severity
(13, 28, 37). Inconsistent results exist concerning the association
between HRV and the response to antidepressant treatment (38–
41). Hitherto, research on longitudinal monitoring of HRV and
found changes in HRV to normalize along with improvement in
severity of depression during antidepressant treatment (15, 38,
42
Studies investigating changes in HRV parameters and severity of
r
tate
when HRV is supposed to be used as a diagnostic or predictive
bio-marker for depression. Bio-markers for depression might
be helpful in clinical treatment and disease management (43).
Previous attempts to utilize HRV parameters as bio-markers for
depression are promising (44–46). To underpin these attempts
we aim to examine in a repeated measurements design the
relationship between HRV and symptom severity of depression.
parameters and the severity of depression in a repeated
measurements design. First aim was to identify HRV parameters
which could serve as diagnostic markers to separate patients
with MDD from healthy controls at baseline. A further aim
normalization of HRV parameters parallel to an improvement in
symptom severity of depression and if changes in HRV correlate
with changes in symptom severity of depression over the
understanding if HRV parameters may serve as indicators for the
presence of MDD or change in symptom severity of depression
MATERIALS AND METHODS
Sample
All data presented in this work were gathered alongside a
study on brain arousal regulation as response predictor for
antidepressant therapy in Major Depressive Disorder (MDD)
using Electroencephalography (EEG) signals (47). ECG was
obtained in parallel to the EEG recording at two time points:
prior to antidepressant treatment (T1) and 14 ± 1 days following
the aforementioned study (47) comprised 65 unmedicated
patient subsample consisted of depressed in- and outpatients
consecutively recruited between 2012/02 and 2015/01 from the
Hospital Leipzig. Individuals had to meet the inclusion criteria:
age 18 years; a diagnosis of MDD with a current depressive
episode with a base-line score 10 in the HDRS-17. Exclusion
of a centrally active medication (including anti-depressants)
within 14 days prior to the T1 assessment. Other exclusion
criteria were acute risk of suicidal tendencies; somatic mental
disorders; illegal drugs and/or alcohol abuse within the past 6
months; schizophrenia, schizotypal and delusional disorders; a
h;
seizure disorder; acute or chronic infection and major somatic
was given by a clinical professional and was substantiated by
the Structured Clinical Interview for DSM-IV Axis I (SCID-
controls consisted of 65 sex- and age-matched non-depressed
controls selected from a database consisting of EEG-recordings
from community volunteers recruited via announcements in
the local newspapers, University’s intranet and internet. For
detailed information upon sample characteristics see Schmidt et
al. (47).
patient subsample had to be excluded because of missing ECG
udy
comprised 62 unmedicated patients with a diagnosis of MDD
controls were not available at T2 for direct comparisons between
Within the DEP sample, 8 individuals had to be excluded from
T1/T2 comparisons due to missing ECG recordings at T2.
Declaration and approved by Leipzig University Ethics
Committee (#278-11-22082011).
Procedures
Assessments of symptoms and severity of MDD and
measurements of ECG signals took place before the onset
of antidepressant treatment (T1) and 2 weeks following the
onset of medication (T2). Standard antidepressant treatment
was carried out according to an in-house treatment algorithm
University Hospital Leipzig which includes antidepressant
om
severity of depression was assessed with the 17 Item version
48)],
and Inventory of Depressive Symptomatology [IDS-C, (49)]
by a trained rater using a structured interview guideline (50).
51)] was issued
for self-rating of symptoms and severity of MDD. All ECG
measurements were carried out as additional measurements
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alongside EEG recordings. EEG and ECG signals were measured
in the same room between 8:00 a.m. and 2:00 p.m. Within
patients, time of recording was not allowed to vary more
than± 1 h between T1 and T2. For each time point individuals
were instructed to relax with eyes closed in a semi-recumbent
p.
ECG signals were recorded with a 40 channel QuickAmp
1 kHz.
HRV Analyses
BrainVision Analyzer 2 (Brain Products GmbH, Gilching,
Germany) was used to analyse all ECGs for interbeat intervals
complex (for details see 26) all data sets were manually
scanned for ectopic heartbeats and artifacts were removed.
calculated. Artiifact (52) and Kubios (53) were used to
obtain HRV parameters from the resulting tachograms.
Both applications were used to double check results for
accuracy and consistency. Time domain HRV parameters
were calculated by linear methods, frequency domain HRV
parameters were calculated by using Spectral Analyses (e.g., Fast
Fourier Transformation) and non-linear HRV parameters were
calculated by using Poincare plots. All HRV parameters were
selected based on literature (23, 25, 27) and are presented in
Table 1.
Statistical Analyses
baseline. Simple regressions and binary logistic regressions
were performed to predict severity of depression or group
assignment (DEP vs. HC) according to data level. To investigate
were performed with HRV parameters as within subject factors
sizes were calculated using Eta square. For approximation of
normalization of HRV parameter the T1 values of HC were
carried forward to T2. Change in symptom severity between
17, BDI-II and IDS-C of 30 and 50% at T2 compared to T1.
To estimate change in HRV parameters we calculated absolute
analyses were performed to assess subtypes of depression
(atypical subtype, melancholic subtype) based on respective
single item ratings of BDI-II and HDRS-17 separately [see
(54
for mild depression, values from 20 to 28 for moderate
depression and values above 29 for severe depression (51) and
(b) HDRS-17 [9–16 = mild depression, 17–24 = moderate
depression, 25 = severe depression (55)]. All Statistical




Total sample mean age was 36.99 (SD = 12.108) ranging from
females. We found no violation of normal distribution for age
s
between groups for age [t(125) 0.066, p = 0.948] and sex
(X = 0.378, df = 1, p = 0.538). We collapsed data across sex and
groups for heart rate [F(1, 125) = 1.087, p = 0.299] and Mean RR
interval [F(1, 125) = 0.770, p = 0.382].
To investigate which HRV parameters separate between
depressive patients (DEP) and healthy controls (HC) we
F(1, 125) = 15.029,
p = 0.000, Eta =
F(1, 125) = 4.909, p = 0.029, Eta = 0.034],
RMSSD [F(1, 125) = 4.909, p = 0.029, Eta = 0.038] and LF power
in % [F(1, 125) = 4.605, p = 0.23, Eta =
Means and Standard Errors for time domain, frequency domain
and non-linear parameters for DEP vs. HC at T1 and for
repeated measurements (DEPT1 vs. DEPT2) are presented in
Table 2. Furthermore, we performed binary logistic regressions
analyses to predict group assignment to HC and DEP from HRV
parameters. HF power in % predicted group assignment to the
HC vs. DEP sample (X = 15.517, df = 1, p = 0.000) explaining
62.2% of all variance. Also LF power in % (X = 5.137, df = 1,
p = 0.023, explained variance = 51.2%) and SD1 (X = 6.154,
df = 1, p = 0.013, explained variance =
to predict symptom severity from HRV parameters within the
Changes in HRV and Depression Severity
Assessing changes in symptom severity of depression between
T1 and T2 within the depressive sample (DEP), the Repeated
well as observer-rated (HDRS, IDS-C) instruments. Results are
displayed in Table 3. Repeated Measurements ANOVAs revealed
changes in HRV parameters within the depressive sample (DEP,
for results see Table 2
power in % [F(1, 52) = 33,180, p = 0.000, Eta = 0.39] and
SD1/SD2 Ratio [F(1, 52) = 14,773, p = 0.001, Eta = 0.221] were
en
time points for HF power in n.u. [F(1, 52) = 12,375, p = 0.001,
Eta = 0.192] and SD2 [F(1, 52) = 13,019, p = 0.001, Eta = 0.2]
ces
between time points for LF power in n.u. [F(1, 52) = 14,773,
p = 0.001, Eta =
[F(1, 51) = 5.075, p = 0.029, Eta =
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TABLE 1 | HRV parameters derived from time-domain, frequency-domai n and non-linear procedures, abbreviations and descriptio ns.






LF power Relative power of the low-frequency band (0.04–0.1 sm)zH5 2 , %, n.u. SNS
HF power Relative power of the high-frequency band (0.15–0. sm)zH4 2 , %, n.u. PNS




SD1/SD2 Ratio Ratio of SD1 and SD2 ms
ANS, Autonomous Nervous System; SNS, Sympathetic Nervous System; P NS, Parasympathetic Nervous System; Hz, Hertz; ms, milli seconds; ms 2 , milli seconds squared; n.u.,
normalized units; NN Intervals, interval between two normal R-peak s; RR intervals, interval between two R-peaks; for further information s ee Task Force of the European Society of
Cardiology, and the North American Society of Pacing and Electrophys iology (23).
TABLE 2 | Heart Rate Variability in healthy controls (HC) and MDD patients (DEP) and MDD patients before (T1) and after 2 weeks of an tidepressant treatment (T2).
PEDCH DEP
T1/N = 65 T1/N = N/1T26 = 53 T2/N = 53
Mean (SE) Mean (SE) p Mean (SE) Mean (SE) p
TIME DOMAIN
SDNN in ms 50.464 (3.831) 48.030 (6.059) 0.732 41.489 (2.168 ) 40.525 (2.611) 0.666
RMSSD in ms 41.547 (5.323) 28.872 (1.778) 0.029 28.859 (1.952) 32.318 (3.413) 0.264
pNN50 in % 16.133 (2.390) 10.301 (1.688) 0.050 10.202 (1.865 ) 13.206 (2.617) 0.203
FREQUENCY DOMAIN
LF in Hz 0.075 (0.003) 0.074 (0.003) 0.761 0.074 (0.003) 0.07 8 (0.003) 0.394
LF power in % 51.283 (2.055) 43.511 (2.716) 0.023 44.385 (2.910) 46.076 (2.533) 0.513
LF power in n.u. 56.173 (2.330) 59.932 (2.205) 0.244 59.038 ( 2.443) 49.943 (2.889) 0.001
HF in Hz 0.250 (0.007) 0.244 (0.007) 0.519 0.241 (0.008) 0.25 0 (0.008) 0.291
HF power in % 40.782 (2.305) 28.593 (1.939) 0.000 29.695 (2.115) 47.396 (2.932) 0.000
HF power in n.u. 43.721 (2.323) 39.989 (2.197) 0.246 40.877 ( 2.434) 50.001 (2.885) 0.001
LF/HF Ratio 2.093 (0.350) 2.071 (0.197) 0.955 2.008 (0.209) 1 .561 (0.243) 0.052
NON-LINEAR
SD1 in ms 29.394 (3.766) 20.426 (1.258) 0.029 20.417 (1.381) 22.864 (2.415) 0.264
SD2 in ms 46.274 (3.793) 57.509 (10.038) 0.289 47.399 (3.380 ) 38.293 (3.003) 0.001
SD1/SD2 Ratio 1.935 (0.092) 3.135 (0.679) 0.075 2.466 (0.137 ) 1.901 (0.090) 0.000
Hz, Hertz; ms, milli seconds; ms 2 , milli seconds squared; n.u., normalized units; SDNN, Standard deviati on of NN intervals; RMSSD, Root mean square of successive RR interval
= F power = Relative power of the low-frequency band (0.04–0.15Hz); HF power = Relative
power of the high-frequency band (0.15–0.4 Hz); SD1 = =
power values between sexes at T1 [Mmales = 26.975(SE = 2.885),
Mfemales = 32.742 (SE = 3.053)] was more pronounced at T2
[Mmales = 38.376 (SE = 3.634), Mfemales = 57.498 (SE = 3.846)].
To appraise normalization of HRV parameters we conducted
aimed to test our hypothesis that change in HRV parameters
2 weeks of antidepressant treatment. Point-Biserial correlations
were run to determine the relationship between changes in
HRV parameters and changes in symptom severity of depression
indexed by reduction in sum scores of HDRS, BDI-II and IDS-
ts
see Table 4).
Furthermore, we conducted exploratory analyses to
investigate relationships between HRV parameters and
other variables, such as severity of depression and subtypes
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TABLE 3 | Change in Symptom severity of MDD patients before (T1) and af ter 2 weeks of antidepressant treatment (T2) as indexed by HD RS, BDI-II and IDS-C.
)noitacidemretfa(2T)noitacidemerofeb(1T
ESnaeMESnaeM p Eta 2
BDI-II 29.579 1.514 24.140 1.855 0.000 0.289
HDRS 21.934 0.798 15.541 0.961 0.000 0.471
IDS-C 36.317 1.408 27.450 1.689 0.000 0.346
BDI-II, Beck Depression Inventory II; HDRS, Hamilton Depression Scale; IDS-C, Inventory of Depressive Symptomatology Clinician Version
TABLE 4 | Change in HF power (Delta HF power in %) and change symptom
severity of MDD before and after antidepressant treatment, correlations rpb and
p-values, N = 53.
rewopFHatleDselbairaV p
50% ª HDRS 0.337 0.021
50% ª BDI-II 883.0331.0
50% ª IDS-C 641.0812.0
30% bHDRS 360.0372.0
30% bBDI-II 854.0511.0
30% bIDS-C 0.301 0.042
ªReduction in values between T1 (before medication) and T2 (after 14 days of medication)
50%.
bReduction in values between T1 and T2
bold.
of depression (atypical vs. melancholic subtype), which did not
DISCUSSION
Heart rate variability has been in the focus of research for bio-
markers of depression for a long time (46). Promising attempts to
utilize HRVparameters as diagnostic or predictive bio-markers of
depression have been presented. However, there is still a lack of
studies investigating the relationship between HRV and severity
of depression in longitudinal designs which is important if HRV
ship
of HRV and severity of depression in a repeated-measurements
design.
as diagnostic maker to separate between depressive patients and
healthy controls prior to antidepressant treatment. Our results
t





power was able to predict group assignment (MDD patients
and healthy controls) with acceptable accuracy but regression
p between
HRV and symptom severity. Depressive individuals may be
limited in their ability to adapt their ANS activity to challenging
environments and fail to evoke adaptive resources (58, 61).
exhaustion, fatigue, stress-reactivity and disrupted sleep patterns
(62
controls. But since underlying mechanisms that motor those
parameters remain unclear interpretation should be treated with
caution.
Changes in HRV and Depression Severity
MDD show normalization of HRV parameters parallel to an
-
assessed with both self-rated and observer-rated instrument
even though the period between time points was very short
and we did not expect individuals to remit fully from MDD
symptom severity. We interpreted results as a reduction (i.e.,
improvement) in symptom severity of depression over the course
of 2 weeks of antidepressant treatment, even though individuals
partly remained diseased. We expected HRV parameters to
normalize over the course of 2 weeks of antidepressant treatment.
time points for HF power, LF power, SD2 and SD1/SD2 Ratio
increased over time and were even more pronounced in women
than man and may be interpreted as an increase in vagal activity
[see (25)]. Although LF power n.u., SD2 and SD1/SD2 Ratio
baseline. Furthermore, HRV parameter values at T2 did not
may be interpreted as a normalization of HRV parameter values
in correspondence with improvement in symptom severity. To
Frontiers in Psychiatry | www.frontiersin.org 5 January 2019 | Volume 9 | Article 735
28
Hartmann et al. Heart Rate Variability and Depression
further investigate the relationship between HRV parameters and
symptom severity we aimed to test the hypothesis that changes in
HRV parameters correlate with changes in symptom severity of
depression. We found reciprocal correlations for observer-rated
instruments HDRS-17 (at 50% reduction) and IDS-C (at 30%
ith
reduction in symptom severity.
Our results support our hypothesis of normalization of
HRV parameters and improvement of symptom severity of
depression in correspondence to an increase in HRV parameters
the exact mechanism behind the link remains unclear. A
hyperstable vigilance found in MDD (63), as well as changes
in the arousal regulation during therapy to relate to changes in
depression severities (47). However, explained variance is still
small and we suggest further research to unveil relationship
variables if HRV parameters shall be utilized as diagnostic or
predictive bi-markers for depression.
LIMITATIONS
Our study faces some limitations which may impeach our
interpretations. First of all our data shown here is based on
ECG signals that were obtained parallel to EEG recordings and
therefore the ECG signals were not suited to extract reliable time-
domain measurements (e.g., RMSSD) and we did not control
for in/expiration (23). Since overall data acquisition was laid
out with accurate and ecologically valid and sample size was
good we decided to investigate the ECG data set. Furthermore,
our samples were not randomized and we did not have ECG
signals for controls at T2. Since we only had a 2 weeks period
Our sample size of depressive patients at T1 was probably
s
and measurements indexing symptom severity of depression.
At last, though results for change in HRV parameters values
nd
clinical relevance may be limited.
CONCLUSION
en
HRV parameters and symptom severity of depression in a
repeatedmeasurements design to provide further insight into this
utilized as diagnostic or predictive bio-markers of depression.
Patients with MDD show decreased HRV compared to healthy
controls before antidepressant treatment. Furthermore, patients
with MDD show normalization of HRV parameters parallel
to an improvement in symptom severity of depression over
the course 2 weeks of antidepressant treatment and change
in HRV parameter values correlates with change in symptom
ent.
state in depression further research is needed to investigate the
relationship between HRV parameters and symptom severity
of depression and confounding variables in longitudinal study
designs.
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Depressive Störungen sind Erkrankungen mit hoher Prävalenz und weitreichenden 
Beeinträchtigungen für das Leben Betroffener, sie bergen Risiken für Rezidive und 
Chronifizierung. Eine Vielzahl diagnostischer und therapeutischer Verfahren und 
Methoden steht zur Verfügung, um depressiven Patienten zu helfen, doch erreicht di-
ese Hilfe längst nicht alle. Die digitale Revolution und der Einzug mobiler Geräte wie 
Smartphones oder tragbarer Sensorgeräte in den Alltag eröffnen neue Möglichkeiten 
und Wege sich diesen Herausforderungen für die Behandlung depressiv Erkrankter 
zu stellen. Der Markt an Apps für das Selbst-Monitoring und das Krankheitsmanage-
ment bei Depression wächst beständig, doch ob und in welchem Umfang Depressive 
solche Angebote wahrnehmen ist wenig erforscht. Die vorliegende Arbeit zu Präfe-
renzen und Wünschen potentieller Nutzer versucht hier Antworten zu finden. 
 Mobile Systeme aus Smartphones, Apps und tragbaren Sensoren können einen 
Beitrag zum Krankheitsmanagement bei Depression leisten und so die Versorgung 
Erkrankter verbessern. Mit Hilfe solcher Geräte und Apps lassen sich subjektive 
oder objektive Daten messen, verarbeiten, evaluieren und für Selbstmanagement, 
Diagnose und Therapie nutzbar machen. Kontinuierlich im Lebensalltag erhobene 
objektive Daten wie Bewegung, Aktivitäten, Schlaf als auch physiologische Parame-
ter wie Hautleitfähigkeit oder Herzaktivität sind von unschätzbarem Wert, um Pa-
tienten frühzeitig auf Symptome, Wahrnehmungs- und Verhaltensveränderungen 
aufmerksam zu machen. Die Untersuchung der Veränderungen in der  Herzfrequenz 
(Heart Rate Varibitly, HRV) und depressiven Symptomen stellt einen wichtigen An-
satz für die Suche nach reliablen Bio-Markern für Depression dar. Um objektiven Bi-
oparametern wie HRV in Zukunft in mobilen Systemen zum Selbst-Monitoring und 
individuellen Krankheitsmanagement bei Depression einsetzen zu können ist aber 
ein besseres Verständnis der Zusammenhänge zwischen beiden nötig. Die vorlie-
gende Arbeit versucht, weitere Einsicht in den Zusammenhang zwischen Verände-
rungen in der HRV und dem Krankheitszustand bei Depression zu liefern.
Zusammenfassung der Arbeit 
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